We show that value and small stocks have higher expected returns due to their exposure to a factor linked to dividend growth and its risk premium -a dividend growth factor constructed using dividend swap data. Hence, growth risks are the only source of their risk premia. We show that the equity market portfolio is a combination of several risk factors and only one of these factors is priced in the cross-section of size-and value-sorted portfolios. CAPM beta does a poor job in explaining the crosssection of size and book-to-market portfolios because it is a biased measure of the priced beta, as the market is a combination of a priced factor -a dividend growth factor -and additional correlated factors that are not priced in the cross-section of size-and value-sorted portfolios. Our results imply that only dividend growth news and/or expected return news associated with dividend growth matter in this cross-section, while other cash flow news (for instance, level of dividends) and other expected returns news (for instance, changes in government bond yields) do not matter. We find that a dividend level factor is also priced in the cross-section of other portfolios (sorted on dividend yield, earnings yield and cash-flow-to-price). Results are robust to the inclusion of other tradable aggregate factors such as bond returns, inflation breakeven returns, implied volatility returns as well as credit risk, banking sector risk, and liquidity risk factors.
Introduction
One of the most researched topics in the finance literature is why value and small stocks tend to outperform growth and large stocks, respectively, over the long run. The fact that the performance of size and book-to-market sorted portfolios cannot be explained by the singlefactor Capital Asset Pricing Model (CAPM) of Sharpe (1964) and Lintner (1965) has attracted a lot of attention. Consistent with the Intertemporal Capital Asset Pricing Model (ICAPM) of Merton (1973) and the Arbitrage Pricing Theory (APT) of Ross (1976) , Fama and French (1993) construct an empirical multi-factor model based on size and value characteristics using stock returns. They argue that these factors proxy for distress, but testing directly this hypothesis or any other competing economic explanation would require market prices for the relevant aggregate state variables. As Cochrane (1996) points out, models which are based on stock level information such as the Fama-French three-factor model may successfully describe the cross-sectional variation in expected returns, but they will never explain it.
We show that value and small stock have higher expected returns due to their exposure to a return factor linked to dividend growth and its risk premium, implying that growth risks are the source of their risk premia. A single tradable aggregate factor -a dividend growth factor constructed using dividend swap data -can explain the cross-section of size and value portfolio returns with lower average absolute pricing errors than the standard models. We construct both level and slope factors based on dividend swap data. The slope factor, herein dividend growth factor, captures the return of a strategy that bets on dividend growth, buying a long-dated dividend swap and selling a short-dated dividend swap. While the dividend growth factor is the only priced factor in this cross-section, dividend growth is not the only priced factor overall. We find that the level factor is not priced in the cross-section of size and book-to market portfolios, but it is priced in the cross-section of other portfolios (sorted on dividend yield, earnings yield and cash-flow-to-price).
We argue that the equity market portfolio is a combination of several risk factors and only one of these factors, the market dividend growth factor, is priced in the cross-section of sizeand value-sorted portfolios. This new factor captures both the market expectations associated with future dividend growth and the risk premium associated with growth risks. Our results imply that only (a) expected return news associated with dividend growth and/or (b) dividend growth news matter in the cross-section, while other cash flow news (for instance, level of dividends) and other expected returns news (for instance, changes in government bond yields) do not matter. 1 The fact that we have data on multiple tradable aggregate factors allows us to have a better understanding on the source of the risk premia for value and small stocks. In particular, we are able to use information on the term structure of growth and risk premia. 1 The next version of this paper will include a model that separates this new factor, dividend growth factor, into its expected return component and the pure expected dividend component. The expected return component only captures the changes in expected returns associated with dividend growth. This decomposition is closely related to the approach also found in Van Binsbergen, Hueske, Koijen and Vrugt (2012) . Our main result that dividend growth risk is the source of the value and size premia is independent of any particular decomposition and it is not found in the few other papers using dividend swap data such as Van Binsbergen, Hueske, Koijen and Vrugt (2012) as none of them have looked at the cross-section implications.
Our results shed light on why the previous literature finds that the CAPM beta does a poor job in explaining the cross-section of size and book-to-market portfolios. CAPM beta alone cannot explain the cross-section of size-and value-sorted portfolios because the market return is a noisy measure of the true priced factor. Moreover, we find that the CAPM beta is a biased estimate of the underlying dividend growth beta because dividend growth factor correlates with the other more volatile factors driving the market. We create both growth and level factors based on dividend return data and find that only dividend growth returns explain this cross-section.
We identify factors that drive most of the variation in aggregate market returns in order to pinpoint which drivers of the market portfolio returns matter in the cross-section. Therefore, we do not consider factors based on individual stock characteristics or accounting variables. Recently established markets for aggregate variables such as inflation, dividends and equity market risk allow us to test directly the hypothesis of whether the size and value effects are related to innovations in aggregate factors.
2 Such tradable aggregate factors are associated with market-wide future growth and investment opportunities. Our candidate factors are the following tradable aggregate variables: market dividend growth, market dividend level, equity market risk, inflation, and interest rates. Due to the correlation between all factors driving market returns, we always include all the factors when estimating betas even though our underlying assumption is that most of these factors are not priced in the cross-section of size-and value-sorted portfolios. We find that omitting these factors in first-stage regressions can lead to biases in the estimation of betas as the omitted not-priced factors are correlated to the priced factors.
We find that our dividend growth factor does a good job in explaining the cross-section of expected returns of size-and value-sorted portfolios delivering pricing errors that are not statistically different from zero. Chart 1 shows the relation between actual average returns and fitted returns implied by two expected return models based on our candidate factors. We see that the model that contains only the dividend growth factor is sufficient to explain the cross-section using an out-of-sample test on data from 7/1963 to 1/2003. We find that our proposed models have lower average absolute pricing errors than the Fama-French threefactor model and the CAPM in all sub-samples and portfolios.
Our dividend growth factor incorporates both dividend and expected return news as it is constructed using market dividend swap curves, as explained later on. Hence, our results imply that only dividend growth news and/or expected return news associated with dividend growth matter in this cross-section. Even though this is a new result, it is consistent with other research that infer from market prices and dividend data the news to expected market dividend (including both level and growth components) and have found that this variable is helpful in explaining the cross-section of size-and value-portfolios. This previous research would imply that a factor mimicking portfolio that tracks news to expected market dividends will require a risk premium. Our dividend growth factor, as any return-based factor, incorporates this risk premium and also captures its time variation which may be helpful in the identification of the true beta. The advantage in our approach is that we do not need to construct a factor mimicking portfolio or estimate expected market dividend news as we have direct access to the market price of dividends.
2 Chen, Roll, and Ross (1986) test empirically a model consistent with ICAPM and APT using macro or aggregate variables that are not all based on prices. Their variables are the spread between long and short interest rates, expected and unexpected inflation (based on Fama and Gibbons (1984) ), industrial production, and the spread between high-and low-grade bonds.
Factors similar to ours have been used in previous research. However, all factors used here are tradable versions of those used in the past. The main advantage is that they are forwardlooking and more likely to incorporate not only the changes in expectation but also the changes in risk premium. According to Fama (1991) , the ICAPM provides us with a "fishing license" for factors. We minimize the risk of data mining in factor selection by restricting ourselves to factors that satisfy certain strict criteria. Our restrictions are that factors need to be: (a) tradable, in order to capture market expectations of each state variable and the risk premium associated with each state variable; (b) aggregate, to capture market-wide changes in growth and investment opportunities; and (c) able to explain the time-series variation in the market portfolio. For instance, we ignore all factors that can be constructed using longshort equity portfolios as they are neither aggregate nor necessarily correlated with the market portfolio. We also ignore standard aggregate variables as they are usually backwardlooking and do not incorporate the risk premium associated with each aggregate risk.
We compute our candidate factors using recently available data. The two dividend-related factors are constructed from dividend swap data. This paper is the first to use this type of data in cross-sectional tests.
3 From the dividend swap data available since 2003, one can infer the changes in market expectations of the level and growth of dividends and their respective risk premia. These data allow us to construct two separate measures of dividends that correspond to changes in the overall level of dividends, a level factor, and changes in dividend growth, a slope factor. Here we show that these two measures have different roles in the pricing of different portfolios. The motivation to separate dividends into two terms comes from the standard Gordon growth model, where prices are a function of next year's dividends and their long-term growth. We use dividend swap prices on the S&P 500 index to construct returns on the market's expected dividend level (measured as the monthly excess return on the one-year dividend swap) and expected dividend growth rate (the spread return between the 5-year and 1-year dividend swaps). 4 We combine these dividend factors, which include their respective risk premia, with other tradable factors including equity market risk, inflation expectations, and nominal bond returns. Implied volatility is presumably related to the required risk premium (perhaps via risk aversion) and for which we proxy using the returns on a VIX futures rolling strategy. Our expected inflation rate is the return on the breakeven inflation from Treasury Inflation Protected 10-year bonds and the interest rate variable is the return on a 10-year Treasury note futures rolling strategy. Inflation expectations drawn from Treasury inflation adjusted notes should capture the expected price of future inflation better than realized inflation or market surveys.
5 While the comprehensive dataset of the aggregate factors are available only starting in February 2003, we estimate time-series betas in this period and use these betas to test the cross section of portfolio returns using different samples starting in July 1963.
3 See Harvey, Liu and Zhou (2013) for a long list of factors previously used in the cross-sectional literature. 4 A few previous studies have used dividend derivatives data to address other research questions. Van Binsbergen, Brandt and Koijen (2012) decompose the value of the stock market into dividend strips of different maturities and find that the short-term dividend strip has a higher expected return, Sharpe ratio, and volatility than the overall stock market. The focus of their study is to understand the pricing of dividend strips rather than to assess the cross-sectional explanatory power of dividend growth. Van Binsbergen, Hueske, Koijen and Vrugt (2012) use dividend swap data to decompose the equity risk premium by maturity. 5 Generally, past research uses realized CPI to measure inflation which is not necessarily related to market expectations of future inflation. See for example: Bodie (1976) , Fama and Schwert (1977), Fama (1981) , Schwert (1981) , Fama and Gibbons (1984) , Chen, Roll, and Ross (1986) and Bekaert and Engstrom (2010) .
We pre-select tradable aggregate factors that are likely to span the market return and test whether they can explain the cross-section of returns. As in any empirical multi-factor model, our framework is inspired by Merton's ICAPM model. The ICAPM implies that the expected return of any portfolio should be linked to the market risk premium, but also to the exposure to state variables that are associated with the future investment and growth opportunities and their respective risk premia. We show that our pre-selected factors do span the market return, as they explain a large fraction of its time series variation. If this is the case, the ICAPM pricing equation becomes solely a function of these aggregate state variables. We then show that only one of these factors explains the cross-section of value and size portfolios, while the market beta does a poor job in explaining the same cross-section.
We identify factors that are likely to be contemporaneously correlated to market returns and explain most of the variation in market returns.
6 Thus, the market return is approximately given by an equation such as
We then test whether the betas associated with each of these elements of the market return can price the cross-section of stock returns. When estimating the time-series betas, we do not exclude any of the candidate factors in order to avoid biases due to omitted variables, as these individually priced return factors are not uncorrelated. Then, we test these estimated betas in the cross-section, using all or only a subset of the estimated betas. While the market return beta does not explain the cross-section, the betas associated with some of the candidate factors can explain the cross-section of expected returns. In particular, the beta associated with the return of an investment in the market price of dividend growth can explain size and book-to-market portfolios. Therefore, the market return factor is a combination of a factor that explains the cross-section of size and value returns plus additional variation that happens to be correlated with the relevant factor (therefore, , = , + ∑ , and cov( , , ∑ , ) ≠ 0 ). This implies that the CAPM beta is a biased estimate of the relevant beta for the cross-section such that ( , ) = , while ( , ) ≠ , where is the risk premium associated with the dividend growth beta risk and is the market risk premium.
In our empirical analysis, we expect the risk premium associated with our measure of priced dividend growth to be positive in the cross-section of expected returns. For instance, this result would hold in a version of the ICAPM with non-tradable business/labor income under the assumption that these are correlated to dividends in the long-run (growth opportunities). Under this assumption, dividend growth returns would be correlated to future human wealth as in Campbell (1996) . A positive risk premium in the cross-section, as we find, would hold in an extension of the argument in Maio and Santa Clara (2012) with the inclusion of nontradable wealth. In this version, our results are consistent with ICAPM even if our measure of priced dividend growth does not predict future returns (investment opportunities). We find that our dividend growth factor is positively correlated with returns independently of the assumed horizon. Interestingly, we also find our model to price better the cross-section when we use longer growth horizons. Van Binsbergen, Hueske, Koijen and Vrugt (2012) decompose the equity yields to obtain a term structure of expected dividend growth rates and a term structure of risk premia, which decomposes the equity risk premium by maturity. They argue that the slope of the term structure of risk premia is pro-cyclical, whereas the slope of the term structure of expected dividend growth rates is counter-cyclical. They use a VAR for the equity yields and a regression model linking dividends to these state variables to identify the expected dividend growth component. In our case, we do not need to rely on these model assumptions as we do not require the separation between these two components.
7
Our results are robust to the inclusion of other control variables that capture liquidity, bank and credit risks. Specifically, we control for liquidity factors by Sadka (2006) , Amihud (2002) and Pastor and Stambaugh (2003) . In addition, we consider the potential impact of credit and bank sector risks. We estimate models that include a measure of aggregate market credit risk (Markit CDS Index) and a measure of bank credit risk (the investment grade credit spread on financials relative to the overall aggregate market). The last control is particularly important as bank sector risk may affect the pricing of dividend swaps (particularly the level of the dividend swap curve, but not necessarily the slope).
Our paper is related to research that tries to understand the cross-section of stock returns using aggregate factors and/or macro factors in the spirit of the ICAPM and APT. Here we list only a few examples. Chen, Roll, and Ross (1986) use macro/aggregate betas as the cross-section of stock returns could be linked to exposure to economic risks. However, some of their aggregate variables may not reflect relevant variation in market expectations of future growth and discount rates as they correspond to realized past information. Moreover, they do not incorporate its potential risk premium. Cochrane (1996) proposes a factor based on returns on physical investment. This model performs about as well as Chen, Roll and Ross (1986) . Jagannathan and Wang (1996) and Lettau and Ludvigson (2001) explain the size and value premia using aggregate variables in conditional models. Vassalou (2003) finds that the Fama and French factors may be related to future GDP growth. Bansal and Yaron (2004) , Bansal, Dittmar, and Lundblad (2005) , Hansen, Heaton, and Li (2008), and Bansal, Kiku, Shaliastovich and Yaron (2011) present models where shocks to expected growth and consumption are long-lasting and alter investors' expected growth and volatility computations for long horizons. Sensitivity to expected growth and consumption volatility determine equity prices and may account for the value effect. Beeler and Campbell (2012) find contrasting evidence on long-run volatility risk models and argue that the previously mentioned approaches cannot match stylised facts about macroeconomic dynamics and the cross-section of asset prices. Based on the Campbell and Shiller (1988) framework, Campbell and Vuolteenaho (2004) use a vector autoregressive model to estimate conditional expectations of future cash-flow growth and discount rates.
8 While this decomposition is theoretically correct, Chen and Zhao (2009) argue that the vector autoregressive modelling approach is sensitive to the empirical inputs. This approach may not be able to correctly identify cash-flow and discount-rate news especially if cash-flow and discount-rate news are correlated. 7 Nonetheless, in a future revision of this paper, we include a similar decomposition to test the importance of the two types of dividend growth news. 8 Besides Campbell and Vuolteenaho (2004) the following papers use a similar VAR-model approach as Campbell and Shiller (1988) to analyze the cross-section of stock returns: Campbell (1991), Campbell and Mei (1991) , Vuolteenaho (2002) , Cohen, Polk and Vuolteenaho (2009 ), Campbell, Polk and Vuolteenaho (2010 ), and Campbell, Giglio, Polk, and Turley (2012 . 9 Chen and Zhao (2009) use a return decomposition similar to Campbell and Vuolteenaho (2004) . They argue that cash-flow news estimated as a residual with respect to discount-rate news has serious limitations because any missing discount-rate factor would contaminate the residual cash-flow news with information on discount rates. Chen and Zhao (2009) tweak the model of Campbell and Vuolteenaho (2004) and argue that cash-flow A number of factors such as industrial production, term spread, credit spread, and inflation have been found to command risk premia for equities; however, the estimated coefficients of the premia often vary in both size and sign across studies. Ferson and Harvey (1991) estimate a model similar to that of Chen, Roll, and Ross (1986) and find that the real Treasury rate bears a statistically significant risk premium for equities and so does the credit premium as measured by the return spread between corporate bonds and U.S. government bonds. The study also finds a positive and marginally statistically significant premium on the term spread factor, a result that is inconsistent with the negative term structure premium found by Chen, Roll, and Ross (1986) . Jaffe and Mandelker (1976) , Bodie (1976) , Fama and Schwert (1977) , Schwert (1981) document that common stock returns are negatively correlated with the expected component of the inflation rate, whereas Burmeister and McElroy (1988) find positive and statistically significant inflation premia. French, Schwert and Stambaugh (1987) find a positive link between the equity risk premium and the predictable volatility of stock returns and a negative link between unexpected stock returns and unexpected changes in volatility. Campbell and Hentschel (1992) find that increases in stock market volatility are associated with falling stock prices via a volatility feedback effect: rising volatility leads to higher required stock returns (volatility discounts) and thus lower stock prices.
While these studies indicate that certain economic variables may be important for stock returns, some of them use contemporaneous aggregate data, such as realized inflation, that do not necessarily convey information about future expectations. There is a gap in the literature regarding the link between aggregate priced risk factors and asset prices. This paper proceeds as follows. The second section describes the data used in our study, reporting the basic statistics of the tradable aggregate factors and their ability to explain the time series of the market portfolio. The third section examines the time series relationship between equity portfolios (size and book-to-market) and the proposed tradable aggregate factors. The fourth section studies the cross-sectional properties of the proposed tradable aggregate factors and how the model compares with the Fama-French model and the CAPM. We show that a single factor can explain the cross-section of size and book-to-market portfolios. The fifth section shows that other factors are also priced once we include additional characteristics. The sixth section provides additional tests of the robustness of the proposed model and analyzes the relationship between the tradable aggregate factors and standard aggregate factors. The seventh section concludes.
Tradable aggregate factors: preliminaries
In this section, we describe the tradable aggregate factors used in our test, examine their return characteristics and pairwise correlations, and analyze their ability to explain the variation in the returns of the market portfolio.
a) Variable definitions and summary statistics
All of our tradable factors are expressed in excess returns. Table 1 lists the definitions and data availability for the aggregate factors used in our model. The dividend level and growth betas of value stocks are not any higher than those of growth stocks. In our case, we find that value stocks have higher dividend growth beta than growth stocks, but our variables also includes the risk premium associated with dividend growth.
variables DIV_LEVEL and DIV_GROWTH are derived from pricing data on S&P 500 dividend swap contracts provided by BNP Paribas. The change in the level of dividends is measured by the return on the 1-year contract, while the difference in returns of the 5-year and 1-year contracts is a proxy for priced innovations to the growth rate of dividends. In addition to DIV_GROWTH, we construct two other dividend growth variables, DIV_GROWTH2 and DIV_GROWTH3, for the robustness checks in Section 6. These factors measure the way the market prices the changes in the dividend growth rate over 2-year and 3-year horizons rather than over 5 years as does DIV_GROWTH. The data on dividend swaps spans the period from January 2003 to December 2011.
Our base case variable that captures equity market risk is constructed using the excess return of the VIX short-term futures index, RISK_FUT. Because this variable is only available since December 2005 we also use a non-tradable proxy based on the percentage change of the Chicago Board Options Exchange Volatility Index, RISK_VIX, due to its longer history. The non-tradable version, RISK_VIX, tracks well the variation (but not the mean) of the tradable RISK_FUT. RISK_FUT and RISK_VIX are highly correlated with a correlation coefficient of 0.73. The mean return of RISK_FUT tends to be lower due to the average negative carry cost embedded in a long VIX futures position. The correlation between RISK_FUT and RISK_VIX is not exactly equal to one because the return of the futures strategy also depends on changes in the shape of the futures curve (both the slope and the curvature). We should also note an exposure to the second contract in the VIX futures curve will imply that the tradable factor will have a beta to the VIX index that is less than one. This is a common feature to any index that tracks a rolling futures strategy (e.g. commodity futures indices) as the beta and correlation to the spot level tend to decay with the maturity of the futures contract. We also considered other VIX rolling futures strategies: RISK_FUT2 which tracks the performance of a rolling futures strategy that trades mid-term futures; and RISK_FUT3 which is a dynamic rolling futures strategy that rotates between short-term and mid-term futures depending on the shape of the futures curve. The last version will tend to reduce the carry cost of the position but will deliver a lower correlation. As expected, returns of the short-term VIX futures have the highest correlation with the VIX returns (0.75) and the lowest beta (0.75), whereas the medium term futures and the dynamic short-medium strategy have lower correlations (0.66 and 0.47) and higher betas (1.43 and 0.93), respectively. Overall, we conclude that our non-tradable risk variable (RISK_VIX) based on VIX index is a good proxy for the risk variable, RISK_FUT, based on tradable short-term VIX futures. The results are qualitatively the same irrespective of which risk variable we use.
The bond market factor (R_10YR) represents the return of the JPMorgan U.S. Treasury Note Futures Tracker index, which replicates the returns of a rolling long position in 10-Year U.S. Treasury notes futures contracts. This factor captures the market's expectations about future developments in the bond market including changes in the level and slope of the U.S. Treasury yield curve. Expected inflation (INFL) is measured by the return of the Dow Jones Credit Suisse 10-Year Inflation Breakeven Index. This investable index measures changes in the long-term inflation expectations implied by the U.S. government bond market by tracking a long position in on-the-run 10-year TIPS bonds and a duration-adjusted short position in the closest maturity Treasury bond to the TIPS. The difference between the returns of the 10-year nominal and inflation-adjusted bonds represents a market-derived measure of investor expectations about future U.S. inflation. reports the same statistics over the period from 2/2003 to 12/2011 using the non-tradable version of the equity risk factor, RISK_VIX. Over the two samples, the changes in the expected dividend level and expected dividend growth rate were positive on average, while inflation expectations decreased. In Panel A the correlation between the expected dividend level and expected inflation is positive at 0.55, while the correlations between these two variables and RISK_FUT are -0.58 and -0.72 respectively. We also find a negative correlation coefficient of -0.30 between changes in expected dividend growth and RISK_FUT. These results imply that an increase in equity market risk is associated with negative changes to expectations of dividend level and growth as well as expectations of lower inflation. Since the selected factors appear to be correlated, we should include all of them in the time-series regression as their omission would result in biased beta estimates due to omitted correlated variables.
10
These variables enable us to jointly estimate betas with respect to tradable aggregate factors. The post 1/2003 data contain a full economic cycle and wide variation in the news to aggregate variables due to the credit expansion and the following credit crunch driven recession. We first estimate betas to dividend growth, dividend level, equity market risk, inflation and nominal bond returns in the time-series. We estimate the beta loadings using the two periods that start either on 2/2003 or 1/2006 and end on 12/2011. We then use these loadings in out-of-sample and full sample tests to analyze if the variation in these betas can explain the cross section of stock returns. Our out-of-sample data is available for the period from 7/1963 up to the date where the aggregate data begins. We also considered the sample used in Fama and French (1993) that spans from 7/1963 to 12/1991.
b) Aggregate factors and equity market returns
Our tradable aggregate factors capture a large portion of the time series variation in U.S. equity market returns. Furthermore, when we regress the excess market return on all tradable aggregate factors, we find that our factors explain the level of the market returns as the regression intercept is statistically insignificant. As shown in Table 3 , the factors capture 70 percent of the monthly time-series variation in the excess returns of the CRSP market capitalization weighted index over the period from 1/2006 to 12/2011 and 67 percent for the period from 2/2003 to 12/2011. The size and direction of the estimated beta coefficients are largely consistent across models and samples. The long sample models, in which we use RISK_VIX as a proxy for equity market risk, tend to have positive alphas and in the case of Model 3, the alpha is statistically significant. This is expected as this variable does not incorporate the carry cost of the volatility position. However, when we use RISK_FUT instead the alphas become indistinguishable from zero in all specifications over the period from 1/2006 to 12/2011. Overall, we conclude that our aggregate factors provide a good characterization of the time-series variation in equity market returns. We should note these estimated regressions represent a linear approximation of the actual relationship to the variables.
The signs of the estimated beta coefficients are consistent with conventional wisdom. In all multivariate specifications, the coefficient on DIV_GROWTH is positive and statistically significant, ranging from 0.326 to 0.349 for the period from 1/2006 to 12/2011. The equity market responds positively to favorable news about future dividend growth (or lower risk premium on dividend growth). The coefficients on the dividend level factor are large and statistically significant in all models for the period from 1/2006 to 12/2011. The coefficients are similar in magnitude and statistically significant ranging from 0.284 to 0.311 in all multivariate specifications from 2/2003 to 12/2011. Consistent with the volatility feedback effect of Campbell and Hentschel (1992) , we find that the stock market responds negatively to increases in expected equity market risk.
Contrary to many previous empirical studies but consistent with the Fisher hypothesis, we find that increases in market-expected inflation are associated with higher equity returns. Even though the coefficient on the inflation factor is only marginally statistically significant in Model 1 for the period from 2/2003 to 12/2011 and not significant in Model 1 for the 1/2006 to 12/2011 sample, it suggests that the equity market may compensate investors for the erosion in purchasing power. The fact that we are using a market-based proxy for expected inflation may account for this result. We also estimate Model 1 using realized CPI inflation instead of our tradable version (results are not shown in Table 3 ). We find that the inflation coefficient is -0.805 and is not statistically significant. Consistent with findings in previous studies, realized inflation does not seem to be associated with higher equity returns in our sample. Finally, we find no statistically significant effects of bond futures returns on equities in multivariate regression including all tradable aggregate factors.
We also estimate univariate regressions on all tradable aggregate factors for comparison. Due to omitted variable bias, univariate regression coefficients are different from the multivariate coefficients. Most notably, equity market correlates negatively with the bond market factor, but this relationship is captured by the rest of the tradable factors in the multivariate case. Both the inflation and dividend level factors are positively related to equity market returns. The equity market covaries positively with priced dividend growth and negatively with risk in the univariate regression, consistent with the multivariate regressions.
Overall, the coefficients in the univariate regressions are larger than those in the multivariate Model 1. This result confirms that the omission of relevant factors may lead to biases in beta estimates. These biases in the equity market return equation are also found in the case of the time-series regression on size and book-to-market portfolios (results not shown here). Crosssectional tests can be distorted due to the omitted variable bias in the time-series beta estimates. Hence, we make sure that we use the full multivariate time-series model in the estimation of beta coefficients even when testing whether a single factor is priced in the cross-section. We also consider additional controls in the robustness section.
Time-series estimates on size and book-to-market portfolios
As indicated by our aggregate equity market return time-series regression, we expect that our tradable aggregate factors can explain a significant fraction of the time-series variation of equity portfolios sorted on firm size and book-to-market. In Table 4 , we report the time-series R 2 of the five-factor model estimated for the 25 size and book-to-market portfolios over the period from 1/2006 to 12/2011. The 25 size and book-to-market sorted portfolios are the intersections of five size-sorted portfolios and five book-to-market-sorted portfolios as constructed by Fama and French (1993) . For each of these portfolios, we estimate a timeseries regression using our five aggregate factors (R_10YR, INFL, DIV_LEVEL, DIV_GROWTH, and RISK_FUT) as explanatory variables. In addition, we report the time series goodness of fit for the CAPM and the Fama-French three-factor model estimated over the same period.
Our tradable aggregate factors explain on average more than a half of the total variation in the excess returns of the 25 portfolios. The R 2 of the regressions ranges from 0.53 to 0.70. Compared to the R 2 's of the CAPM and the Fama-French three-factor model, the R 2 's of our aggregate factor model are consistently lower across all size and book-to-market portfolios. This finding should come as no surprise considering that our model does not include any explicit controls for equity market returns which are necessarily highly correlated with the returns of the size and book-to-market portfolios. Our factors are not constructed using equity portfolios, whereas the factors in CAPM and the Fama-French three-factor model are. The Fama-French three-factor model may better capture the overall time-series variation in returns of these portfolios but not necessarily the cross-sectional variation. Yet, our model that is solely comprised of aggregate factors that are not mechanically correlated with firm size or book-to-market can also explain a significant portion of the time-series variation in the returns of the 25 size and book-to-market sorted portfolios.
In Table 5 , we report the full regression estimates of our tradable aggregate factor model for the 25 size and book-to-market portfolios. Similar to Table 6 in Fama and French (1993), we report alphas, betas and their associated t-statistics separately for each of the size and bookto-market sorted portfolios. Overall, the patterns in Table 5 suggest that our aggregate factors may be able to capture some of the cross sectional variation in size and book-to-market portfolio returns, especially the two factors related to aggregate dividends. Panel A of Table 5 shows that the time-series alphas in this sample are mostly statistically insignificant. Panel B uses RISK_VIX instead of RISK_FUT so time-series intercepts cannot be interpreted as alpha as not all factors are tradable returns. Therefore, the alphas are not reported in Panel B.
In the empirical tests of Campbell and Vuolteenaho (2004) value and small stocks have higher cash-flow betas than growth and large stocks. Table 5 shows betas to DIV_LEVEL and DIV_GROWTH for 25 portfolio sorted by size and book-to-market. In Panel A, we find a clear pattern in the DIV_GROWTH beta very similar to the pattern found in Campbell and Vuolteenaho (2004) . The DIV_GROWTH betas increase from the large-growth stock corner towards the small-value stock corner. Panel B using a longer sample and RISK_VIX instead of RISK_FUT shows a similar pattern for DIV_GROWTH beta but also for DIV_LEVEL beta. Campbell and Vuolteenaho (2004) combines both level and slope effects in their cashflow beta estimates, but our approach enables to split the dividend beta into level and slope effects. It is of interest to separate these two effects to find out if both are priced in the crosssection. We should also note that these variables are not only capturing the market expectation of the changes in level and growth of dividends, but will also include the risk premium associated with these two types of news separately.
As was the case for the overall equity market, the beta estimates on the dividend level and dividend growth factors are large and almost universally statistically significant. We observe that value portfolios (high book-to-market) and small firm portfolios tend to have relatively larger exposures to the expected dividend growth factor than do growth portfolios (low bookto-market) and large firm portfolios. For example, the slope on expected dividend growth for the extreme small-value portfolio is 0.589 compared to 0.215 for the extreme large-growth portfolio. On the other hand, portfolios consisting of the largest firms in the sample (quintile 5) have generally lower loadings on both dividend growth and dividend level across all valuation buckets. Consistent with our findings for the market portfolio and Campbell and Hentschel (1992) , all size and book-to-market portfolios respond negatively to increases in RISK_FUT. All slope coefficients are negative and highly statistically significant.
These time series regressions imply that there is sufficient dispersion in tradable aggregate factor betas that can potentially explain the cross-section of returns as well. Before moving to the cross-sectional tests, we analyse the patterns between betas estimated using the three models we consider here: CAPM, the Fama-French three-factor model and our tradable aggregate factor model. Table 6 shows the relationship between the estimated betas in our model and betas obtained from the Fama-French time series regression. We reject the lack of relationship in all cases, but patterns depend on the variable. Interestingly, the expected dividend growth beta is positively related to both HML and SMB betas. The R 2 of the regression is high in all cases but particularly high (0.851) for the dividend growth beta. This is consistent with the results that follow that show that the dividend growth betas subsumes all the information on HML and SMB betas, with lower average absolute pricing errors.
Cross-sectional tests on size and book-to-market portfolios
The next step is to test the cross-sectional implications of our model and compare it to the Fama-French three-factor model and the CAPM. A short summary of our results is that tradable aggregate factor models are the only models that are not rejected in any of the subsamples or portfolios. In particular, we find that a single factor, dividend growth, is sufficient to explain the cross-section of size and book-to-market portfolios. Since our aggregate factor data is relatively short, all available portfolio return data prior to this sample can be used in an out-of-sample test. Table 7 reports the results of the cross-sectional tests.
11 Following Fama and French (2013), we also report the average absolute pricing error in order to evaluate the usefulness of the models as we may find that a certain model is not rejected as the average alpha is statistically indistinguishable from zero due to a low cross-sectional fit. We consider three samples: a) full out-of-sample where we use all data from 7/1963 until the start of the aggregate factor data to test the cross-section; b) a sample based on Fama and French (1993) covering the period from 7/1963 to 12/1991; and c) the full sample using all available data from 7/1963 to 12/2011. On the portfolio side, we focus for now on the 25 Fama-French size and book-tomarket portfolios but we consider a different set later.
For robustness, we consider three variations to include subsets of our tradable aggregate factors. Of course, we considered the full version that includes all five tradable aggregate factors, but we also considered versions where only three equity-related factors are priced (dividend level, dividend growth and risk) and another where only dividend growth is priced. In all tests, time-series betas are estimated using the full version of the model. We want to make sure that the beta estimates are not biased due to omitted variables.
We cannot reject our tradable aggregate factor model in any of the sub-periods considered when all five factors are included in the test. The alpha coefficients are all small and statistically indistinguishable from zero. The slope coefficient on DIV_GROWTH beta is economically large, ranging from 0.003 to 0.018 across all the 18 sub-samples. It is highly statistically significant in all specifications. In fact, it is the only factor consistently priced and statistically significant in the cross-section. In terms of explanatory power, the full and single aggregate factor models perform equally well with R 2 's ranging from 0.386 to 0.506. Overall, we find the lowest average absolute pricing error when using tradable aggregate factors. More interestingly, we find that dividend growth seems to be sufficient to explain the cross-section of size and value portfolios. Overall, this factor alone delivers lower average absolute pricing errors than all the other models reported in Table 7 .
The Fama-French three-factor model is rejected in 2 out of the 3 samples as shown in Table  7 . The magnitude of the average alpha is the largest across all three models considered here. The cross-sectional R 2 is however the highest across all models ranging from 0.506 to 0.734, where the latter is obtained in the Fama and French (1993) sample when we test the 25 size and book-to-market portfolios. The Fama-French three factor is rejected in all but the Fama and French (1993) sample. The Fama-French three-factor model is rejected in the out-ofsample and full sample. In these two samples, the annualized average alpha is in the order of 12%. The alpha has a t-statistic of 2.46 in the full sample.
CAPM is only rejected in the sample from 7/1963 to 12/1991 as the intercept is significantly different from zero at the 5% significance level. CAPM always has the lowest cross-sectional R 2 across all the models in the sub-sample here. The R 2 is as low as 0.181 in the period from 7/1963 to 2/2003. We fail to reject the CAPM model because in most cases the average alpha is not significantly different from zero, but the average absolute pricing errors are quite high.
Compared to the CAPM, our model with five tradable factors and the model with dividend growth only yield higher R 2 's, lower average pricing errors and lower average absolute pricing errors across the three portfolio samples. For example, in the full out-of-sample test (Panel A), our model with dividend growth only has an R 2 that is more than twice larger than that of the CAPM. The Fama-French three-factor model has a higher R 2 but also a higher average pricing error as indicated by the large and statistically significant monthly alpha of 0.011 and also larger average absolute pricing error. As illustrated in Chart 1, our model, which consists solely of aggregate variables, explains well the variation in returns of the 25 portfolios. The outlier in the model is the (extreme) small-growth portfolio, which has the most significant (positive) pricing error. However, neither the CAPM nor the Fama-French model can explain the return of this portfolio. Overall, we find significant evidence that our tradable factor model provides a powerful characterization of equity returns.
Cross-sectional tests on other portfolios
The above results focused on size and book-to-market portfolios as these are the most common portfolios in the testing of asset pricing models ever since Fama and French published their paper on the three-factor model. We have shown so far that a single factor, dividend growth, can explain the cross-section of these portfolios, but that does not necessarily imply that there is only one priced factor in the cross-section of all portfolios. We could only conclude that this is the case if we tested a wide range of portfolios. To illustrate that some of the other factors may be indeed priced we consider an alternative test portfolio that includes a wider range of characteristics. We use 50 portfolios based on single sorts on size, book-to-market, earnings yield, dividend yield and cash-flow to price ratio. While we still include single-sorts on size and book-to-market, we introduce additional cross-sectional variation with three other sorts.
The main result of this analysis is that two additional aggregate factors are now priced. In addition to dividend growth, we also find that dividend level and equity market risk are also priced in both out-of sample and full sample tests (Table 8) . We also test versions of the model that include only one of the aggregate variables, multiple combinations of the equityrelated variables and the case where we include all the equity-related variables. This last version delivers economically negligible alphas which are not statistically significant. We find that the Fama-French model is rejected in all three samples. The t-statistics increase in all cases but this is also due to the fact that the sample is twice the size of that in the first test (50 instead of 25 portfolios).
Additional tests
We find that the cross-sectional results are robust to different specifications. Throughout the paper we used a dividend growth factor computed from one to five years. Table 9 shows the cross-sectional result using different specifications of the dividend growth variable computed from one to two, three, and five years. In Panel A we show the results for the model with all tradable aggregate factors. The results indicate that the dividend growth is a priced factor in the cross-section independently of how it is constructed. In Panel A the slopes on all dividend growth factors are positive and statistically significant and the alphas are not statistically different from zero. Interestingly, we find that the slope coefficients are higher for longer dividend growth horizons. This result highlights the importance of longer-term dividend growth in contrast to short-run variation in dividend growth.
When using only the dividend growth factors in the cross-section (Panel B) we find very similar results. All slopes on the dividend growth factors are positive and statistically significant. Comparing the cross-sectional R 2 between panels A and B shows that adding other than the dividend growth factors provides very little extra explanatory power in the case of size and book-to-market portfolios.
We also considered the inclusion of additional variables that can capture the time variation in expected returns. In Table 10 Panel A, we report the results of models for the 25 FamaFrench portfolios that include each of the following control variables in addition to our five candidate tradable factors. First, we include the return of the Markit five-year CDX index (CDS). This index, available only since March 2007, represents a long credit position (selling protection) on a basket of investment-grade credit default swap contracts and thus reflects the expected riskiness of the U.S. credit market. As reported in Table 10 Model 1, we do not find this control to be statistically significant in the cross-section. Second, we control for the financial sector credit spread (BC_FIN_SPREAD), calculated as the difference between the monthly return of the Barclays Investment Grade Financial index and the Barclays All Investment Grade Credit index. This variable is meant to control for the effect of banking sector risk on dividend swap returns, particularly during the most recent financial crisis. As with CDS, we do not find BC_FIN_SPREAD an important explanatory variable in the crosssection. Third, we estimate models that include alternative liquidity factors: (1) FIX_TRANS and VAR_PERM from Sadka (2006); (2) a factor that measures the price impact of trading volume from Amihud (2002) ; and (3) a regression-based liquidity factor from Pastor and Stambaugh (2003) (PAST_STAM). We report results with some of these variables. As the results of Models from 3 to 6 suggest, none of these factors are statistically significant in the cross-section and the DIV_GROWTH still is the only factor priced in the cross-section.
In Panel B of Table 10 , we report the results of models that include two alternative dividend variables constructed from I/B/E/S consensus estimates of dividend growth. Similar to our DIV_LEVEL constructed from dividend swap data, the variable Div_Gr_IBES represents the monthly percentage change in forecasted dividends for the S&P 500 index over the next twelve months. The variable Ch_Div_Gr_IBES is the first difference of Div_Gr_IBES and is meant to capture innovations to the dividend growth rate.
12 Unlike our DIV_GROWTH variable, which reflects changes in the 5-year different growth rate, Ch_Div_Gr_IBES only reflects changes in the 1-year dividend growth rate. As the results of Models 8 suggest, neither of the two IBES-based dividend variables has any significant explanatory power in the cross-section. Moreover, in models that include both our two swap-based dividend variables and the two IBES-based ones (Model 9) the DIV_GROWTH remains the only factor priced in the cross-section.
In Table 11 , we show how our tradable aggregate factors correlate with non-tradable aggregate variables as those used in the Chen, Roll and Ross (1986) model. In particular, we construct the following non-traded economic variables: (1) VWNY, the monthly return on the CRSP value-weighted equity index; (2) MP, the log change in monthly U.S. industrial production; (3) DEI, the change in expected inflation as constructed by Fama and Gibbons (1984) 13 ; (4) UP, the unanticipated inflation constructed by Fama and Gibbons (1984) ; (5) URP, the monthly return on the Barclays US Aggregate High Yield index minus the return on the Barclays US Aggregate Long-Term Government Bond index; (6) UTS, the monthly return on the Barclays US Aggregate Long-Term Government Bond index minus the 3-month T-Bill rate in the prior month; and (7) the log change in the year-on-year U.S. industrial production.
Our INFL variable derived from Treasury inflation-protected securities has positive but low correlation with the DEI and UI variables (0.24 and 0.05, respectively). It is therefore likely that the non-traded inflation variable does not fully capture the inflation expectations priced by the market as does INFL. Similarly, we find a positive but low correlation between DIV_GROWTH and industrial production (MP), suggesting there may be a loose link between industrial activity and future priced dividend growth as aggregate industrial production does not necessarily measure the industrial activity of the equity market and may be mostly backward-looking.
14 Moreover, industrial activity is a non-tradable quantity that has no observable market price. Overall, the low correlations between the tradable and nontradable versions of the aggregate variables suggest that traded and non-traded economic variable may command different risk premia.
12 The correlation between DIV_LEVEL and Div_Gr_IBES over the period from 1/2006 to 12/2011 is 0.42, while the correlation between DIV_GROWTH and Ch_Div_Gr_IBES over the period from 1/2006 to 12/2011 is 0.05. Interestingly, we also find that DIV_LEVEL has a correlation of 0.39 with 1-month ahead Div_Gr_IBES, which is consistent with the view that DIV_LEVEL incorporates forward-looking information and that analysts are sluggish to adjust their expectations. 13 Fama and Gibbons (1984) measure expected inflation as the difference between the current T-bill rate and its 12-month moving average. The unexpected inflation is calculated as the difference between realized and expected inflation.
14 Fama (1990) shows that future growth rates of industrial production (not contemporaneous), used to proxy for shocks to expected cash flows, explain 43% of the variance of annual returns.
Concluding Remarks
The focus of this paper is on the covariation between stock returns and tradable aggregate factors and how this covariation explains asset prices. In particular, we find that the covariation between returns and priced dividend growth is an important determinant of asset prices. Moreover, we find that value and small stocks are more exposed to the dividend growth factor and require additional premium for that reason.
15 This paper focused on the cross-section of size and book-to-market sorted portfolios, showing that a single factor can explain this cross-section, but we also showed that other tradable factors explain the crosssection of other portfolios.
Tradable aggregate factors prove useful in understanding the time-series and cross-sectional variation in stock returns. We verify that the aggregate equity market largely responds to the tradable aggregate factors in a way consistent with theory. Because our tradable aggregate factors are correlated, we argue that any cross-sectional test should include all relevant aggregate factors when estimating time-series betas. Otherwise the cross-sectional implications of the time-series betas can be distorted due to omitted variable bias.
We find that the returns of value and small stocks are sensitive to both dividend growth and level factors in time-series regressions, but only the dividend growth factor (not level) is priced in this cross-section. Other papers such as Campbell and Vuolteenaho (2004) do not attempt to make a distinction between news to the cash-flow level and growth. Moreover, they do not account for the possible changes in risk premia associated with these changes in expectations. Dividend level (returns on one-year dividend swap) captures short-term changes in dividend expectations and risk premium, whereas our dividend growth factor (based on the returns of a spread trade using five-year and one-year dividend swaps) is related to longer term dividend growth expectations and risk premium. Our findings suggest that investors are averse to stocks whose returns covary positively with the aggregate market's longer-term dividend growth (or its risk premia) and thus require a higher riskpremium on those stocks.
15 There are other research papers that study other features related to cash flows and dividend growth within value and growth portfolios. Dechow, Sloan, and Soliman (2004) and Da (2009) find that growth stocks have longer cash-flow durations than value stocks. Chen, Petkova, and Zhang (2008) show that dividends of value stocks grow at a faster rate than dividends of growth stocks. This finding may be due to a rebalancing effect as shown by Chen (2012) , who also argues that duration cannot explain the value premium. Penman, Reggiani, Richardson, and Tuna (2011) show that value stocks have higher earnings growth than growth stocks. Table 1 provides complete definitions for all variables and portfolios. Table 7 shows the full results of the cross-sectional tests. All calculations are based on monthly data. Table 4 . Time series goodness of fit of factor regression models
The tables below report the time series goodness of fit (R 2 ) of three factor models for the 25 size and book-to-market sorted portfolios of Fama and French (1993) Table 1 Table 7 . Cross-sectional regressions for portfolios sorted on size and bookto-market Panels (A)-(C) report the results of cross-sectional regressions for three samples using the 25 FamaFrench portfolios sorted on size and book to market (B/M). All cross-sectional models are of the form: = + ∑ , + !, where is the average return of portfolio p over the specified time period and the , 's are the betas estimated from a time-series pricing model for the portfolio p with respect to risk factor i over the period from 1/2006 to 12/2011 for Models 1-3 and over the period from 2/2003 to 12/2011 for Models 4-8. Eight different pricing models are tested: (1) two versions of a model that includes all of our aggregate factors (one with RISK_FUT and one with RISK_VIX); (2) two versions of a model that includes only dividend growth; (3) two versions of a model that includes dividend level, dividend growth and equity market risk; (4) the Fama-French three-factor model; and (5) Panel A report the results of cross-sectional regressions for 12 combinations of factors. The cross section in both panels consists of 10 portfolios sorted on earnings-to-price (E/P), 10 portfolios sorted on dividend yield (DY), 10 portfolios sorted on cash flow-to-price (CF/P), 10 portfolios sorted on size, and 10 portfolios sorted on book-to-market (BM). All cross-sectional models are of the form: = + ∑ , + !, where is the average return of portfolio p over the specified time period and the , 's are the betas estimated from a time-series model for the portfolio p with respect to risk factor i over the period from 1/2006 to 12/2011. Eleven different pricing models are tested: (1) a model that includes all of our aggregate factors; (2) five versions of the model that include only a single aggregate factor; (3) a version of a model that includes two of dividend level, dividend growth and equity market risk; (4) a version of the model that includes dividend yield, dividend growth and equity risk simultaneously; and (5) The methodology of the cross-sectional tests below is the same as that in Table 8 . We estimate aggregate factor betas from time-series regressions for each portfolio over the period from 1/2006 to 12/2011 and then test how much of the cross-sectional variation in portfolio returns can be explained by the estimated betas over the specified period. The out of sample period is from 7/1963 to 12/2005; the full sample period is from 7/1963 to 12/2011; and the Fama-French sample period is from 7/1963 to 12/1991. We use three alternative specifications of dividend growth all computed as a spread return with respect 1-year dividend swaps: one based on 5-year dividend swaps (base case); one based on 3-year dividend swaps, and one based on 2-year dividend swaps, and two aggregate factor models: a model with all aggregate factors (Panel A) and a model including only dividend growth (Panel B). Newey-West t-statistics are provided in parentheses. All regressions are based on monthly data. The methodology of the cross-sectional tests below is the same as that in Table 7 . We estimate aggregate factor betas from time-series regressions for each portfolio over the period from 4/2007 to 12/2011 for Model 1 and over the period from 1/2006 to 12/2011 for Models 2-9 and then test how much of the cross-sectional variation in portfolio returns can be explained by the estimated betas over the specified period. The tradable aggregate factors are constructed as described in Table 1 . The non-traded factors are constructed as follows: (1) VWNY, the monthly return on the CRSP value-weighted equity index; (2) MP, the log change in monthly U.S. industrial production; (3) DEI, the change in expected inflation as constructed by Fama and Gibbons (1984) ; (4) UP, the unanticipated inflation constructed by Fama and Gibbons (1984) ; (5) URP, the monthly return on the Barclays US Aggregate High Yield index minus the return on the Barclays US Aggregate Long-Term Government Bond index; (6) UTS, the monthly return on the Barclays US Aggregate Long-Term Government Bond index minus the 3-month T-Bill rate in the prior month; and (7) the log change in the year-on-year U.S. industrial production. 
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